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Description
CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application relies on the disclosure of and claims priority to and the benefit of the filing date of U.S.
Provisional Application No. 62/583,558, filed November 9, 2017.

GOVERNMENT RIGHTS

[0002] This invention was made with the support of the United States government under Grant number [IP-1456404
by the National Science Foundation. The government has certain rights in the invention.

BACKGROUND

[0003] Patient-ventilator asynchrony, also referred to as dyssynchrony, refers to a mismatch between ventilator delivery
and patient demand. To address patient-ventilator asynchrony, clinicians can adjust ventilator settings or ventilation
modes, change a patient’'s sedation level, or perform other interventions. Efforts were made to develop methods and
systems for automatical detection of asynchrony or dyssynchrony between a patient and a pressure support system.
US 2011/297155 A1 describes a method for detecting dyssynchrony between a patient and a pressure support system,
such as a conventional ventilator using, inter alia, the patient pressure waveform, dQ/dt. Further methods and systems
for assisted ventilation using different models and factors to detect dyssynchrony are described in US 2009/107502 A1,
US 2016/279361 A1, US 8 573 207 82 and WO 2017/140500 A1. However, continuous monitoring of mechanically
ventilated patients by clinical staff is infeasible.

SUMMARY OF THE INVENTION

[0004] The present invention relates to the embodiments as characterized in the claims. In particular, the present
invention provides a method and systems for detecting patient-ventilator asynchrony. One method describes how to
calculate a waveform from mechanical ventilator pressure and flow waveforms that indicates patient-ventilator interac-
tions whereby a plurality of peaks and valleys of the resulting waveform indicates asynchronous patient-ventilator inter-
actions. Then a method is described that uses said calculated patient-ventilator interaction indicator waveform to deter-
mine various types of patient-ventilator asynchrony types. This method comprises using a collection of ventilator pressure
and flow waveforms from prior patients and/or through generating a plurality of synthetic ventilator pressure and flow
waveforms, calculating said interaction indicator waveform for each individual breath cycle of the synthetic waveforms,
extracting features from the interaction indicator waveform, and training a machine learning algorithm to perform mapping
between features and patient-ventilator asynchrony types. Training data typically involves assigning labels associated
with different asynchrony types to waveforms from each breath. In the case of using prior patient data for training, such
labels can be generated by clinical experts reviewing the waveforms or by clinical experts reviewing waveforms as well
as other appropriate clinical signals such as esophageal pressure or diaphragm activity. In the case of using synthetic
data, actual asynchrony type is known a priori when generating such synthetic waveforms. A system is also described
that acquires ventilator pressure and flow waveform data from a data source, generates said interaction indicator wave-
form from the waveform data received, extracts a set of features from said indicator waveform, and classifies each
individual breath cycle into categories of patient-ventilator asynchrony. The systems and methods can also be configured
to include recommendation, alert, and/or notification modules or steps to notify end user(s) such as clinicians in a manner
sufficient to address the asynchrony and/or adjust ventilator settings to avoid asynchrony, assess a patient experiencing
asynchrony and make an appropriate action, alert hospital staff to, and/or change internal settings automatically, optimize
or improve ventilator performance (e.g., triggering and cycling timings), or identify other relevant parameters that affect
ventilator function, and/or to allow for intervention including changes to a patient’'s sedation level. The systems and
methods can be implemented on a peripheral device communicating with a ventilator or embedded in a ventilator.
[0005] An embodiment described of the system further includes a graphical user interface (GUI) for communicating
detected patient-ventilator asynchrony whereby the system can be used as a clinical decision support system. In some
embodiments, the GUI can display educational information on the detected asynchronies to further assist in managing
mechanically ventilated patients.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006]
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FIG. 1 is a schematic that illustrates the overall architecture of the clinical decision support system.

FIG. 2 is a flowchart that illustrates the components of the asynchrony detection algorithm.

FIG. 3is awaveform that depicts the flow waveform of breath showing evidence of secretions ('Secretions’) compared
to the flow waveform of a normal breath without evidence of secretions (‘No secretions’).

FIG. 4 is a graph that depicts the absolute value of the Hilbert transform of a segment of the expiratory phase of
two breaths: breath with evidence of secretions ('Secretions’) and breath without secretions (‘No secretions’).
FIG. 5 is a schematic that illustrates an electrical analogue of the respiratory system.

FIG. 6 is a graph that depicts an example of a patient-ventilator interaction indicating waveform ("Delta") of a sample
breath cycle of premature termination asynchrony type.

FIG. 7 is a graph that depicts an example of a patient-ventilator interaction indicating waveform ("Delta") of a sample
breath cycle of delayed termination asynchrony type.

FIGS. 8A-C are waveforms that respectively depict an example of pressure (FIG. 8A), flow (FIG. 8B), Delta (FIG.
8C) waveforms for an ineffective triggering asynchrony type.

FIGS. 9A-B are waveforms that respectively depict an example of a synthetic set of pressure (FIG. 9A) and flow
(FIG. 9B) waveforms for a premature termination asynchrony type in volume control ventilation mode.

FIGS. 10A-B are waveforms that respectively depict an example of a synthetic set of pressure (FIG. 10A) and flow
(FIG. 10B) waveforms for a delayed termination asynchrony type in volume control ventilation mode.

FIGS. 11A-B are waveforms that respectively depict an example of a synthetic set of pressure (FIG. 11A) and flow
(FIG. 11B) waveforms for a passive patient with no spontaneous muscle activity in volume control ventilation mode.
FIGS. 12A-B are waveforms that respectively depict an example of a synthetic set of pressure (FIG. 12A) and flow
(FIG. 12B) waveforms for patient effort in sync with ventilator cycling in pressure control ventilation mode.

FIGS. 13A-C are waveforms that respectively depict an example set of pressure (FIG. 13A), flow (FIG. 13B) and
Delta waveforms (FIG. 13C) for a premature termination asynchrony type in pressure control ventilation mode.
FIGS. 14A-C are waveforms that respectively depict an example set of pressure (FIG. 14A), flow (FIG. 14B) and
Delta waveforms (FIG. 14C) for a premature termination asynchrony type in volume control ventilation mode.
FIGS. 15A-C are waveforms that respectively depict an example set of pressure (FIG. 15A), flow (FIG. 15B) and
Delta waveforms (FIG. 15C) for a delayed termination asynchrony type in pressure control ventilation mode.
FIGS. 16A-C are waveforms that respectively depict an example set of pressure (FIG. 16A), flow (FIG. 16B) and
Delta waveforms (FIG. 16C) for a delayed termination asynchrony type in volume control ventilation mode.

FIGS. 17A-C are waveforms that respectively depict an example set of pressure (FIG. 17A), flow (FIG. 17B) and
Delta waveforms (FIG. 17C) for a passive patient in volume control ventilation mode.

FIGS. 18A-C are waveforms that respectively depict an example set of pressure (FIG. 18A), flow (FIG. 18B) and
Delta waveforms (FIG. 18C) for a passive patient in pressure control ventilation mode.

FIGS. 19A-C are waveforms that respectively depict an example set of pressure (FIG. 19A), flow (FIG. 19B) and
Delta waveforms (FIG. 19C) for patient effort in sync with ventilator cycling in volume control ventilation mode.
FIGS. 20A-C are waveforms that respectively depict an example set of pressure (FIG. 20A), flow (FIG. 20B) and
Delta waveforms (FIG. 20C) for patient effort in sync with ventilator cycling in pressure control ventilation mode.
FIGS. 21A-C are waveforms that depict an example set of pressure (FIG. 21A), flow (FIG. 21B) and Delta waveforms
(FIG. 21C) for patient effort in sync with ventilator cycling in pressure control ventilation mode.

FIGS. 22A-C are waveforms that depict an example set of pressure (FIG. 22A), flow (FIG. 22B) and Delta waveform
(FIG. 22C) for patient effort in sync with ventilator cycling in volume control ventilation mode.

FIG. 23 is an illustration of an embodiment of a graphical user interface containing a window with elements com-
municating detected patient-ventilator asynchrony and recommendations for mitigating asynchrony.

DETAILED DESCRIPTION OF THE INVENTION

[0007] The presentinvention relates to the embodiments as characterized in the claims. Respiratory failure can occur
as aresultof numerous factors, and patients in intensive care units (ICUs) are frequently placed on mechanical ventilators.
Mechanical ventilation helps maintain lung function. Patient-ventilator asynchrony, also referred to as dyssynchrony,
refers to amismatch between ventilator delivery and patient demand. Patient-ventilator asynchrony can cause discomfort,
and is associated with longer lengths of stay in ICUs. To address patient-ventilator asynchrony, clinicians can adjust
ventilator settings or ventilation modes, change a patient’s sedation level, or perform other interventions. Asynchrony
can be detected by continuous monitoring of patients and using waveforms generated by mechanical ventilators. How-
ever, continuous monitoring of mechanically ventilated patients by clinical staff is infeasible.

[0008] The detection of asynchrony and the type of asynchrony requires specific training and knowledge of waveform
analysis. If patient-ventilator asynchrony can be reliably detected via an automated algorithm, then the patient-ventilator
asynchrony information can be displayed to the end user or used within a clinical decision support system for respiration
management or within a mechanical ventilator to improve the functioning of the mechanical ventilator (e.g., optimizing
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triggering and cycling timing). The present disclosure describes a system that can be used to detect asynchronies and
trends in asynchrony automatically. The information obtained using methods of the present disclosure can be used to
alert hospital staff to adjust ventilator settings to prevent severe asynchrony. Algorithms embedded in mechanical ven-
tilators can use patient-ventilator asynchrony information to change internal settings automatically, optimize or improve
ventilator performance (e.g., triggering and cycling timings), or identify other relevant parameters that affect ventilator
function. The system monitoring the patient for detecting asynchrony can alert a clinician or send a notification to a
clinician for intervention if the patient is experiencing severe asynchrony.

[0009] Any algorithm described herein can be embodied in software or set of computer-executable instructions capable
of being run on a computing device or devices. The computing device or devices can include one or more processor
(CPU) and a computer memory. The computer memory can be or include a non-transitory computer storage media such
as RAM which stores the set of computer-executable (also known herein as computer readable) instructions (software)
for instructing the processor(s) to carry out any of the algorithms, methods, or routines described in this disclosure. As
used in the context of this disclosure, a non-transitory computer-readable medium (or media) can include any kind of
computer memory, including magnetic storage media, optical storage media, nonvolatile memory storage media, and
volatile memory. Non-limiting examples of non-transitory computer-readable storage media include floppy disks, mag-
netic tape, conventional hard disks, CD-ROM, DVD-ROM, BLU-RAY, Flash ROM, memory cards, optical drives, solid
state drives, flash drives, erasable programmable read only memory (EPROM), electrically erasable programmable
read-only memory (EEPROM), non-volatile ROM, and RAM. The computer-readable instructions can be programmed
in any suitable programming language, including JavaScript, C, C#, C++, Java, Python, Perl, Ruby, Swift, Visual Basic,
and Objective C. Embodiments of the invention also include a non-transitory computer readable storage medium having
any of the computer-executable instructions described herein.

[0010] A skilled artisan will further appreciate, in light of this disclosure, how the invention can be implemented, in
addition to software and hardware, using one or more firmware. As such, embodiments of the invention can be imple-
mented in a system which includes any combination of software, hardware, or firmware. In the context of this specification,
the term "firmware" can include any software programmed onto the computing device, such as a device’s nonvolatile
memory. Thus, systems of the invention can also include, alternatively or in addition to the computer-executable instruc-
tions, various firmware modules configured to perform the algorithms of the invention.

[0011] According to embodiments, the computing device or devices can include a mainframe computer, web server,
database server, desktop computer, laptop, tablet, netbook, notebook, personal digital assistant (PDA), gaming console,
e-reader, smartphone, or smartwatch, which may include features such as a processor, memory, hard drive, graphics
processing unit (GPU), and input/output devices such as display, keyboard, and mouse or trackpad (depending on the
device). Embodiments can also provide a graphical user interface made available on one or more client computers. The
graphical user interface can allow a user on a client computer remote access to the method or algorithm.

[0012] Additional embodiments of the invention can include a networked computer system for carrying out one or more
methods of the invention. The computer system can include one or more computing devices which can include a processor
for executing computer-executable instructions, one or more databases, a user interface, and a set of instructions (e.g.
software) for carrying out one or more methods of the invention. According to other embodiments, the computing device
or devices can be connected to a network through any suitable network protocol such as IP, TCP/IP, UDP, or ICMP,
such as in a client-server configuration and one or more database servers. The network can use any suitable network
protocol and can be any suitable wired or wireless network including any local area network, wide area network, Internet
network, telecommunications network, Wi-Fi enabled network, or Bluetooth enabled network.

Patient-Ventilator Asynchrony Types

[0013] The primary types (categories) of patient-ventilator asynchrony include double triggering, ineffective triggering,
premature termination, delayed termination, and flow starvation (i.e., excessive respiratory muscle activity during inspi-
ration for example due to inadequate flow or volume). Another asynchrony-related eventincludes evidence of air trapping.
Evidence of secretions (i.e., fluid buildup in the lungs and ventilator circuit) or fluid in the ventilator circuit can be detected
using waveforms. The disclosed clinical decision support system can notify clinicians to consider performing suction on
a patient when secretions are detected. When neither premature termination nor delayed termination are used to classify
a breath cycle, no cycling asynchrony can be used as the patient-ventilator asynchrony type. Furthermore, if no asyn-
chrony is detected in a breath cycle, the breath’s asynchrony type is "no asynchrony".

[0014] Delayed Termination. Delayed termination occurs when the end of mechanical inspiration exceeds a patient’s
neural inspiration - the expiratory valve opens after the patient has already initiated exhalation. A consequence of delayed
termination is air trapping and ineffective triggering as a result of insufficient expiratory time and excessive tidal volume.
[0015] Premature Termination. Premature termination occurs when the end of mechanical inspiration precedes the
end of a patient’s neural inspiration - the expiratory valve prematurely opens before the patient stops inhaling. Premature
termination subjects a patient to an increased risk of double triggering. When shortened expiration results in a double
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trigger, air trapping and auto-PEEP can occur, and can inhibit a patient from reaching subsequent trigger thresholds.
[0016] Ineffective Triggering. Ineffective triggers occur when patient inspiration occurs during mechanical expiration,
when a patient is trying to inspire and trigger another breath towards the end of the mechanical expiration phase but the
ventilator does not deliver support for those patient triggering efforts.

[0017] Inadequate Support. In certain scenarios including inadequate delivery of flow or volume (also referred to as
flow starvation or air hunger in volume control ventilation), i.e., when a patient desires more air than what is delivered
by the ventilator during inspiration, a patient excessively engages the respiratory muscles during inspiration. Similarly,
excessive respiratory muscle activity during inspiration can occur due to inadequate pressure support in the pressure
control ventilation or pressure support ventilation modes. Finally, the patient may attempt to initiate a new breath by
engaging the respiratory muscles during inspiration, which is referred to as ineffective effort during inspiration.

[0018] Double Triggering. Double triggering is the delivery of a second breath when the previous breath has not fully
completed its inspiratory (inhalation) and expiratory (exhalation) phases. Double triggering involves a patient receiving
a breath with an expiratory time less than one half of the mean inspiratory time or when the duration of expiration is less
than a defined threshold (e.g., 500 msec). Double triggering may result in accumulation of air in the lungs (air trapping)
such that the volume of air in the lungs at the end of the breath is greater than that at the start of the breath. Double
triggering is a very serious asynchrony and can lead to barotrauma, where the lungs become hyperinflated.

[0019] Air Trapping. Air trapping occurs when a volume of inspired air is expired incompletely.

[0020] Aborted Breath. A breath is referred to as an aborted breath if the maximum tidal volume of a breath is less
than a defined threshold (e.g., ¥ of set tidal volume). An aborted breath can cause a patient to reject a breath delivered
by the ventilator.

[0021] Irregular Breath. A breath is referred to as irregular if the shape of the waveform is substantially different from
the pressure and flow waveform of a normal breath or a breath with asynchrony types discussed above. Breaths with
substantially different shapes, where a reliable analysis of the breath is not possible, are considered irregular breaths.
[0022] No Asynchrony. If noasynchrony is detected in a breath cycle, the breath’s asynchrony type is "no asynchrony"
or "normal."

Overall Architecture of the Clinical Decision Support System

[0023] The present disclosure describes a system for detecting patient-ventilator asynchrony. In one embodiment,
this clinical decision support system comprises the following components:

1. Communication Module. The Communication Module continuously downloads waveform and other data, such
as settings and alarms, from a data source (e.g. mechanical ventilator, patient monitor) using an available commu-
nications port on the data source. Ifthe patient-ventilator asynchrony detection system is implemented on a ventilator,
the Communication Module continuously downloads waveform and other data from the appropriate internal com-
ponent of the ventilator.

2. Data Processing Module. The Data Processing Module analyzes waveforms and other available data to detect
patient-ventilator asynchrony events and asynchrony types. This comprises the steps of generating patient-ventilator
interaction indicator waveforms, extracting features from the indicator waveforms, and classifying each individual
breath cycle into categories of patient-ventilator asynchrony.

3. Data Logging Module. The Data Logging Module saves waveform, other extracted information, and the results
of the analysis in a database.

4. Recommendation Module. The Recommendation Module uses detected asynchrony events, asynchrony types,
and other detected events (e.g., detection of secretions or fluid in the circuit, or evidence of air trapping) to provide
recommendations to an end user.

5. User Interface. The User Interface provides visualization of detected events and trends, and provides recom-
mendations from the Recommendation Module to the end user. The end user can also review past waveforms to
verify detected events by the system.

6. Transmission (optional). A transmission module is responsible for transmitting detected events and asynchrony
information to a remote location (e.g., a remote server, a router, or a smartphone or tablet). A notification can alert
clinicians to assess a patient experiencing asynchrony and make an appropriate action.

[0024] FIGURE 1 illustrates the overall architecture of exemplary embodiments of the clinical decision support system.
Detection of Patient-Ventilator Asynchrony and Secretions using Waveforms

[0025] The present disclosure describes a framework that uses pressure, flow, and volume waveforms to detect
patient-ventilator asynchrony and the presence of secretions or fluid in the ventilator circuit. In some embodiments, the
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framework described herein is non-invasive. In some embodiments, the framework descried herein uses waveforms
available from any model of mechanical ventilator.

1. Patient-Ventilator Asynchrony Detection Algorithm

[0026] The framework described herein uses pressure and flow waveforms from a mechanical ventilator to detect
asynchrony and other events, such as the presence of secretions or air trapping. The first step involves segmenting a
continuous waveform to identify individual breath cycles. Breath cycles are then analyzed further using a series of
classifiers and labeling algorithms.

[0027] The overall framework described herein comprises a cascade of classifiers and labeling algorithms, where a
breath cycle is fed into a series of classifiers and labeling algorithms in sequence. In some embodiments, the classifiers
or labeling algorithms are rule-based, i.e., if a certain condition holds, the breath is classified or labeled as a certain
asynchrony/respiratory event. In some embodiments, the asynchrony or event under consideration is not present. In
some embodiments, the classifiers or labeling algorithms use supervised learning classification algorithms, such as
random forests or neural networks, where the parameters of the classifier model are identified beforehand through a
training process. Classifiers (e.g., random forests, neural networks, or support vector machines) that belong to the class
of supervised learning classifiers are referred to as statistical classifiers or machine learning classifiers. The classifiers
are arranged in a sequential framework. In some embodiments, a breath cycle is assigned to an appropriate class if a
certain asynchrony is detected. In some embodiments, a breath cycle is assigned to a class where the asynchrony under
consideration is absent, and the next classifier in the chain is engaged to analyze the breath cycle.

[0028] An example of a framework described herein used to detect patient-ventilator asynchrony and other related
events comprises the following steps:

1. Acquire waveform data, including at least the flow and pressure from the ventilator.

2. Perform breath cycle segmentation, where the continuous waveform is analyzed to find individual breath cycles
(i.e., start of inspiration to end of expiration, or using data provided by a ventilator to detect the start and end of a
breath).

3. Select a breath cycle in the queue of breath cycles to be analyzed.

4. Perform signal denoising and filtering on the waveforms of the selected breath cycle to remove artifacts.

5. If volume waveform is not available, generate the volume waveform from the flow waveform using cumulative
integration over time.

6. If evidence of secretion exists, add the secretion label to the breath cycle.

7. Check whether the breath is considered an aborted breath. An aborted breath is a breath cycle where the total
delivered volume of the breath is less than a specific threshold (e.g., <1/2 set tidal volume). If an aborted breath is
detected, then classify the current breath cycle as an aborted breath and proceed to Step 3.

8. Check if the breath cycle satisfies the conditions of double triggering. If double triggering is detected, then classify
the current breath as a double trigger and proceed to Step 3.

9. Check if the breath satisfies the conditions of air trapping. Air trapping is present if the value of the flow at end
expiration is less than a defined negative number (e.g., -2L/min) or if the difference between the inspired volume
and expired volume is larger than a defined threshold (e.g., expired breath volume is less than 90% of inspired
volume). If air trapping is detected, add the air trapping label.

10. Generate a newly-derived waveform (i.e., Delta waveform) from the normalized pressure and flow waveforms.
11. Extract features from the Delta waveform.

12. Check whether the breath is irregular. An irregular breath is a breath cycle with a waveform shape that is
substantially different than a typical waveform (including normal and asynchronous breaths) or a breath with missing
features on the Delta waveform. If an irregular breath is detected, then classify the current breath as irregular and
proceed to Step 3.

13. Check for evidence of inadequate supportduring inspiration. Ifinadequate supportis detected, add the inadequate
support label.

14. Use features detected from the Delta waveform to detect if ineffective triggering exists. If ineffective triggering
is detected, add an ineffective triggering label.

15. Use the extracted features from the Delta waveform as an input to a statistical (machine learning) classifier, and
use the class assignment provided by the classifier to classify the breath into premature termination, delayed ter-
mination, or no cycling asynchrony categories.

16. If a breath is classified as a premature termination or a delayed termination, then go to Step 3.

17. If no label (e.g., air trapping, ineffective triggering, etc.) has been assigned to the breath, classify the breath to
the "no-asynchrony" class. Otherwise, classify the breath to the "some form of asynchrony" class with an appropriate
label.
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18. Go to Step 3.

[0029] FIGURE 2 illustrates the steps discussed above in the form of a flow chart. In some embodiments, a breath
can have a single label. In some embodiments, a breath can have multiple labels (e.g., secretion, air trapping, or
inadequate support), and is assigned to one class.

2. Segmenting the Waveforms to Breath Cycles

[0030] Ventilators can provide the start and end times associated with a complete breath cycle. If the start and end
times of a complete breath cycle are available, such data can be used to divide a continuous waveform into a series of
breath cycles.

[0031] If a ventilator does not provide the start and end times associated with a complete breath cycle to segment
waveforms into individual breath cycles, different techniques can be used to detect the start of a new breath. In some
embodiments, the start of a new breath can be detected by identifying when air flow transitions from negative to positive
(using an existing air flow sensor embedded in a ventilator) immediately prior to a peak positive flow.

3. Denoising Waveforms

[0032] Smoothing and filtering techniques can be used to remove noise and artifacts from pressure, flow, and volume
signals. Denoising techniques used to remove noise and artifacts from pressure, flow, and volume signals include low
pass filtering with finite impulse response (FIR), infinite impulse response (IIR) filters, wavelet denoising, and spline
smoothing.

4. Generating Volume Waveform

[0033] If a volume waveform is unavailable from a mechanical ventilator, the volume waveform can be generated from
the flow waveform for a specific breath cycle. In some embodiments, the flow waveform can be cumulatively integrated
from the start to the end of a breath to generate a volume waveform.

5. Detecting Evidence of Secretions or Fluid in the Circuit

[0034] The presence of airway secretions or fluid in a ventilation circuit can produce saw tooth patterns on flow-volume
loops. The oscillations are pronounced specifically on the flow waveform. FIGURE 3 depicts the flow waveform of breath
showing evidence of secretions or fluid in the ventilation circuit ('Secretions’) compared to a normal breath without
evidence of secretions (‘No secretions’).

[0035] Quantifyingthe amountof high frequency oscillations on flow waveforms can indicate the presence of secretions.
The detection method must be robust to avoid false positives caused by other forms of oscillations on the flow waveform,
such as cardiac oscillations. The automated detection of secretions or fluids in a circuit is important to minimize compli-
cations resulting from retained secretions and to prevent unnecessary suctioning.

[0036] To detect oscillations in the flow waveform that could indicate secretions, the present disclosure isolates high
frequency oscillations in the flow signal, and measures the amplitude of the high frequency oscillations. In some em-
bodiments, a seventh order IIR zero-phase high pass filter is used to extract oscillations above 5 Hz. To avoid including
transient signals induced by opening and closing of ventilator circuits in the analysis, the middle 80% of expiration phase
of the breath to high pass filter can be extracted and further analyzed.

[0037] A Hilbert transform can then be applied to obtain an envelope of the high frequency (e.g., >5 Hz) oscillations
during exhalation. To assess the presence of secretions, the root-mean-square (RMS) value of the Hilbert transform
can be calculated, where RMS of a time series (waveform) is defined as

1
RMS = /% n o xZ. @)

[0038] If the RMS value is higher than a particular threshold (e.g., 1-2 L/min), a ‘presence of secretion or fluid’ label
is assigned to the breath. FIGURE 4 depicts the Hilbert transform of a segment of the expiratory phase of two breaths:
with evidence of secretions ('Secretions’) and without secretions (‘No secretions’). The presence or absence of secretions
or fluid in the circuit is independent of the presence of asynchrony. If secretions or fluids are detected, the algorithm can
add a ‘presence of secretion or fluid’ label to the breath cycle. Whether a secretion label is assigned to a breath or not,
the breath cycle is moved to the next step for further analysis.
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6. Detecting Aborted Breaths

[0039] In some embodiments, a patient can abort or reject a breath. In some embodiments, aborted breaths are
detected by low tidal volumes. In some embodiments, aborted breaths are detected using a rule-based technique: if the
maximum delivered volume in the breath cycle is less than a particular threshold (e.g., one half of set tidal volume or
mean tidal volume), then the breath is classified as an aborted breath and is removed from further analysis.

7. Detecting Double Triggering

[0040] To detect double triggering, the duration (or absence) of expiration must be detected. In some embodiments,
double triggering is detected by analyzing the flow waveform of a breath. In some embodiments, the start of expiration
of a breath can be determined by detecting the transition from positive to negative air flow. The absence of a transition
from positive to negative air flow indicates an absence of expiration for a breath cycle. In some embodiments, the duration
of expiration can be calculated as the duration of time that measured flow has the opposite sign (i.e., negative) as inspired
flow.

[0041] When the duration of expiration, T, is identified, then the inspiratory time Tjg, (i.e., duration of time from
start of a breath to start of expiration) can be computed as the difference between breath cycle duration and T,,,. A
rule-based technique can then be used to detect a double triggered breath when certain conditions are satisfied. In some
embodiments, the rule used to detect double triggering is can be T, ,<1/2 mean Tj,,. In some embodiments, the rule
used to detect double triggering is Tg,,<1/2 set Tj,q,. In some embodiments, the rule used to detect double triggering
is Teyp less than a defined threshold (e.g., 0.5 second). If a double triggering event is detected, that breath cycle is
assigned to the double trigger class and removed from further analysis.

8. Detecting Air Trapping

[0042] In some embodiments, a rule-based technique is can be used to detect air trapping. In some embodiments,
an air trapping label can be assigned to a breath if the value of flow at the end of expiration is less than a defined threshold
(e.g., <-2L/min). In some embodiments, an air trapping label is assigned to a breath if the expired volume is less than
the inspired volume (e.g., expired volume is less than 90% of the inspired volume). If air trapping is detected, then an
air trapping label is assigned to a breath. Whether an air trapping label is assigned to a breath or not, the breath is moved
to the next step and further analyzed for other types of asynchronies.

9. Generating the Delta Waveform

[0043] A critical component of detecting patient-ventilator asynchrony is the extraction of features associated with
various types of asynchrony. The present disclosure uses a newly defined waveform referred to as the Delta waveform
to extract features associated with cycling asynchrony, ineffective triggering, and inadequate support. The definition of
the Delta waveform as a means for indicating patient-ventilator interaction is independent of the mode of ventilation
(e.g., pressure control ventilation, volume control ventilation, pressure support ventilation, etc.) and does not require a
determination of when to deliver inspiration, expiration, or when to cycle between inspiration and expiration for its
calculation.

[0044] The Delta waveform is defined as

Paw{D)—Pe q(t) (2)
— — -3
S(t) Paw(t)Pe q(t") ! t=2 tg,

where t* represents the time of peak flow (i.e., q(t) < q(t*), t > tg), and p, is the positive end expiratory pressure (PEEP).
paw is the airway pressure, q is the air flow, and t; is the time at the start of the breath cycle. The Delta waveform
represents the synchronized morphological difference between normalized pressure (after correcting for PEEP) and
normalized flow waveforms. The operation of subtraction of constant p, and scaling by the constant (p,,,(t*) - pg) to each
data point in p,,, represents the application of normalizing constants to the ventilator pressure waveform. Likewise, the
scaling by the numerical constant q(t*) to each data point in g represents the application of normalizing constants to the

Paw{t)—pe

Paw{t)-p
ventilator flow waveform. The first term of equation aw ¢ , is referred to as embodiment of a normalized ventilator
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pressure waveform. The second term of equation , is referred to as an embodiment of a normalized ventilator flow
waveform. This second term of equation (2), a constant g, can also be subtracted from both the numerator and denom-
inator. This constant g, can be the value of flow at end of exhalation (expiration) of the previous breath cycle or the
constant g, can be the initial value of the flow waveform. The resultant waveform calculated from equation (2) is thus
an embodiment of taking pairwise relationships between ventilator pressure and flow waveforms to generate a Delta
waveform.

[0045] In other embodiments, normalization can be performed with respect to any time point within the inspiratory
phase (mechanical inspiration). An inspiratory phase is defined as the interval of a breath cycle during which the ventilator
is supplying inspiratory support or its inspiratory valves are open. An expiratory phase (mechanical expiration) is defined
as the interval of a breath cycle during which the ventilator’s expiratory valves are open thereby allowing the connected
patient to exhale. In a first embodiment, normalization is performed with respect to t* (i.e., time of maximum flow) because
t* can be robustly detected on the waveform. In other embodiments, equation (2) can be modified to define a new Delta
waveform by replacing t* with t**, where t** is any time point between t; and the end of the inspiratory phase of the
breath cycle. In a first embodiment, t* * can be the time elapsed into a breath cycle that is approximately the pressure
rise time as set on the ventilator (i.e. time required for the ventilator-controlled pressure profile to reach a predetermined
percentage of the set pressure support level). In a second embodiment, t** can be the time elapsed into a breath cycle
that is approximately the flow rise time as set on the ventilator (i.e. time required for the ventilator-controlled flow or
volume profile to reach a predetermined percentage of the set peak flow or volume level).

[0046] In other embodiments, a suitable choice for t* can be formed by approximating the dynamics of the respiratory
system with a first-order differential equation for airway pressure,

. 1
paw(t) = Rrsv(t> + '(':: V(t) - pmus(t) + Po

, where R is resistance of the respiratory system, C, is com-
pliance of the respiratory system, p,,,s iS respiratory muscle pressure, p is positive end-expiratory pressure (PEEP), V
is volume, and V is air flow. Considering only the first two terms on the right-hand-side of the equation for p,,(t) repre-
senting the resistive and elastic forces, respectively, the resistive force contribution is maximized when V is atits maximum
value and the elastic force contribution is minimal when V is at its minimum value. t* can be any suitable time point

ResV(t") > = V(&)
whereby Crs . Without requiring knowledge of values for R and C, t* can be chosen as a suitable
time about the beginning of inspiratory phase whereby flow is close to its maximum value and volume is close to its
minimum. Any equivalent criteria wherein choosing t* coincides with a suitable time point into mechanical inspiration
wherein resistive forces of the patient-ventilator circuit dominate elastic forces can be used (e.g. multi-compartmental
models of the respiratory system) without departing from the essence of the present disclosure.

[0047] The Delta waveform does not inform on when to deliver inspiration, expiration or when to cycle between inspi-
ration and expiration. However, patterns of morphological features extracted from the Delta waveform can indicate when
an already delivered breath by a ventilator was out of sync with patient respiratory efforts (i.e. patient-ventilator asynchrony
event). The following section describes various Delta-waveform-specific features that can be extracted to classify breath
cycles into categories of patient-ventilator asynchrony.

10. Feature Extraction from the Delta Waveform
[0048] The present disclosure can use a framework to extract a series of features from the Delta waveform that is

used in the next steps of the algorithm for classification. The following definitions are used in the described framework:
[0049] Normalized pressure is defined as

- . Paw ()~ Pe (8)
p(t) - paw(t*)—pe, t 2 t(),

where t* represents the time of maximum flow (i.e., q(t) < q(t*), t > ty) and p, is the extrinsic positive end expiratory
pressure. Normalized flow is defined as
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— (®
amw = 5 t=tg. )

[0050] Normalized pressure and flow in (8) and (9) can be similarly defined by replacing t* with t**, where t** is any
time point between ty and the end of the inspiratory phase of the breath cycle.

[0051] The present disclosure extracts the following features from the Delta waveform to identify potential patterns
associated with asynchrony. The grouping together of one or more features (e.g. a set of features) extracted from a
Delta waveform forms a feature vector for that breath cycle.

[0052] Feature 1. Valley depth, defined as the difference between the value of the Delta waveform at a local minimum
(valley) and a subsequent local maximum (peak), is chosen as a feature. FIGURE 6 depicts the Delta waveform of a
sample breath cycle involving premature termination that contains a single valley. There can be multiple valleys present
in the Delta waveform, and for each valley the same definition of valley depth is used.

[0053] Feature 2. The second feature is defined as the maximum cross-correlation coefficient between the time
derivative of the Delta waveform and the measured flow waveform. In an alternative embodiment, this feature can be
defined as the maximum cross-correlation coefficient between the Delta waveform and the volume waveform (delivered
tidal volume waveform) that is either calculated or received from a data source.

[0054] Feature 3. The third feature is the estimated inspiratory time 'Al'insp. In some embodiments, the estimated in-
spiratory time is defined as the duration of time during which the normalized pressure waveform is larger than a specific

threshold ¢, (e.g., €, = 0.25 or 0.5). Specifically, 'Al'insp =t - ty, where
te = min{t: p(t) = &} (10)
ty = max{t: p(t) = £;}. (11)

In another embodiment, time 'Al'insp is defined as the moment at which the exhalation valve of the ventilator is opened
following the inspiratory phase (inspiration phase) of ventilation.
[0055] Feature 4. The ratio of area under the curve of the Delta waveform to area under the curve of a right triangle,

Ay
Az , is the fourth feature, where
Ay = [} 8(Ddt, (12)
1
Az = ETinsp , (13)

and ty and ty are given by (10) and (11), respectively, to define the (mechanical) inspiration phase of the breath cycle.
FIGURE 7 depicts the Delta waveform of a sample breath cycle involving delayed termination. A, is shown as the shaded
triangular region in FIGURE 7.

Tp

[0056] Feature 5. The ratio Tinsp is the fifth feature as shown in FIGURE 7, where Tp = t4-tp, and
t, = min{t: §(t) = 1}. (14)

Tnegative

[0057] Feature 6. The ratio Tinsp s the sixth feature, where

t .
Tnegative = ftol f(V (t) - Sz)dt; (15)

€5 is some threshold (e.g., e, = -2 L/min), and
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(1, x>0 (16)
f(x) = {0, x < 0.

[0058] Feature 7. The location of valley(s) detected in Feature 1 is selected as Feature 7. In some embodiments, the
absolute time from the start of the breath in seconds is used to quantify the location of the valley. In other embodiments,
the location of the valley is quantified as a fraction of the length into a breath at which the valley occurs. In another
embodiment, the location of the valley is quantified as a fraction of the length of inspiration. In other embodiments, the
location of the valley is measured from the start of expiration and is expressed as the fraction of a duration of an expiration.
[0059] Feature 8. The number of valleys detected in the Delta waveform.

11. Detecting Irregular Breaths

[0060] A breathcycle is classified as irregular if at least one of the features above is missing and cannot be determined.
In addition, if all features can be calculated but the value of one or more features falls outside the range of typical values
for such features (e.g., if the difference between the observed value and the average value of a feature based on a
labeled data set is larger than a threshold value), then the corresponding breath cycle is classified as an irregular breath.
[0061] In some embodiments, an irregular breath can be detected by defining a distance metric between breaths to
measure the similarity between waveforms of breaths (e.g., flow waveform or pressure waveform). In some embodiments,
the similarity metric is the cross-correlation between two time-series.

[0062] In order to assess if a breath is irregular, the distance between the breath cycle under consideration and a
collection of previously recorded breaths that are not considered irregular is calculated (i.e., synthetic breath cycles
generated through simulation and/or previously recorded breath cycles classified or labeled as involving an asynchrony
event or normal breaths with no evidence of asynchrony). If the distance of the breath under consideration from each
individual breath in the collection is more than a defined threshold, then the breath is classified as irregular.

12. Detecting Inadequate Support During Inspiration

[0063] To detect inadequate support during inspiration, Feature 1, Feature 2, and Feature 7 are used. In some
embodiments, Feature 1 and Feature 7 are modified, and the detection of a local minimum (valley) of the Delta waveform
is limited to the inspiratory phase. In some embodiments, Feature 2 is modified, and the maximum cross-correlation
coefficient between the time derivative of the Delta waveform and the measured flow waveform in the inspiratory phase
is calculated (or between the Delta waveform and calculated volume waveform in the inspiratory phase). In some
embodiments, a rule-based algorithm is used; if the value of the features are above or below a defined threshold, an
"inadequate support during inspiration label" is added to the breath. In some embodiments, a statistical classifier (e.g.,
random forest, support vector machine, or neural network) is used to detect the presence of inadequate support during
inspiration. Whether inadequate support during inspiration label is assigned or not, the breath is moved to the next step
and further analyzed for other types of asynchronies.

13. Detecting Ineffective Triggering

[0064] To detect ineffective triggering, Feature 1, Feature 2, and Feature 7 are used. In some embodiments, Feature
1 and Feature 7 are modified, and the detection of a local minimum (valley) of the Delta waveform is limited to the
expiratory phase. In some embodiments, Feature 2 is modified, and the maximum cross-correlation coefficient between
the time derivative of the Delta waveform and the measured flow waveform in the expiratory phase is calculated (or
between the Delta waveform and calculated volume waveform in the inspiratory phase). In some embodiments, Feature
7 is defined as the location of the valley is measured from the start of expiration and expressed as a fraction of a duration
of expiration.

[0065] Insomeembodiment, arule-based algorithm is used, where if Feature 7 exceeds inspiratory time by a threshold
and Feature 1 is larger than a threshold an "ineffective triggering label" is added. In some embodiments, a statistical
classifier (e.g., random forest, support vector machine, or neural network) is used to detect ineffective triggering. Whether
an ineffective triggering label is assigned or not, the breath is moved to the next step and further analyzed for other types
of asynchronies.

[0066] Ineffective triggering is considered a label and not a class. Each breath cycle is assigned to one class, but can
have multiple labels. In some embodiments, a breath cycle can include ineffective triggering and a second type of
asynchrony (e.g., delayed termination). Thus, ineffective triggering is considered a label.
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14. Detection of Premature Termination and Delayed Termination

[0067] Random forests classification is used to classify breaths into one of the following classes: i) premature termi-
nation; ii) delayed termination; and iii) no cycling asynchrony. In some embodiments, other classifiers generally referred
to as supervised learning classifiers such as support vector machines, Bayesian networks, or neural networks are used
to classify breaths into one of the three classes described above. In random forests and other classification frameworks
such as neural networks, a probability is assigned to each class label. The class label with the highest probability, or
the class label with a probability higher than some threshold value, can be selected as the predicted class label. The
probability associated with a class label can also be used as a measure of a classifier's confidence in assigning a breath
to the specific class.

[0068] Using random forest or other classification frameworks, the classifier is trained on a training set of breath cycles,
where each breath cycle is represented by extracted features discussed in Section 10 (Feature Extraction from the Delta
Waveform) and ground truth class labels. In some embodiments, class labels can be provided by a clinician or a panel
of clinicians, where pressure and flow waveforms are used for labeling or pressure and flow and other signals such as
esophageal pressure or diaphragm activity are used for labeling. In some embodiments, synthetic pressure and flow
waveforms can be generated based on different asynchrony scenarios and ground truth labels are known based on the
synthetic scenario generated. In some embodiments, training data for training the machine learning classifier includes
both labeled data from previously collected patient data and synthetic data. Once the classifier is trained on the training
set and the internal parameters of the classifier (e.g., random forests) are determined, the classifier can be used to
predict class labels for new breath cycles. If the breath is assigned to the premature termination or delayed termination
class, then classification for this breath is complete. If the breath is classified as no cycling asynchrony, then the breath
is moved to the next step and further analyzed for a final analysis.

15. Final Analysis

[0069] Inthe final stage, a breath cycle that has been classified as no cycling asynchrony and has no labels associated
with inadequate support, air trapping or ineffective triggering is classified as "no asynchrony". A breath cycle that has
been classified as no cycling asynchrony and has a label associated with inadequate support, air trapping and/or inef-
fective triggering is classified as "some form of asynchrony present" with an associated label (i.e., inadequate support,
air trapping or ineffective triggering or a combination of these labels).

Notification and Recommendation Modules

[0070] Information on patient-ventilator asynchrony can be used within a clinical decision support system framework
to display any detect asynchrony events. The clinical decision support system can also provide definitions for each
asynchrony event and provide recommendations to the end-user to address detected asynchronies. In some embodi-
ments, the end user is a respiratory therapist. In some embodiments, a fully automated mechanical ventilator can be
used, and information on detected asynchronies can be sent to a mechanical ventilator’s control unit to change ventilator
settings or mechanical ventilation mode.

[0071] The recommendation module can be implemented as a rule-based expert system such that if the asynchrony
index exceeds a certain threshold, the end-user is notified and depending on the type of asynchronies present one or
more recommendations are provided to address the asynchrony. The asynchrony index s the fraction of breaths (including
triggered and untriggered attempted breaths) with one or more detected asynchronies over a period of time. In some
embodiments, the asynchrony index is determined over a period time of about 15 seconds, 30 seconds, 1 minute, about
5 minutes, about 10 minutes, about 20 minutes, about 30 minutes, about 40 minutes, about 50 minutes, about 60 minutes,
about 70 minutes, about 80 minutes, about 90 minutes, about 100 minutes, about 110 minutes, about 120 minutes,
about 3 hours, about 6 hours, about 12 hours, or about 24 hours.

[0072] In one embodiment of a system for detecting patient-ventilator asynchrony, a graphical user interface (GUI) is
used for displaying prompts corresponding to detected patient-ventilator asynchrony, as shown in FIGURE 23. In some
embodiments, the GUI can display educational information on the detected asynchronies when a user taps on an
information icon as shown in FIGURE 23. In some embodiments, the GUI can display one or more recommendations
for mitigating detected asynchronies when a user taps on an information icon as shown in FIGURE 23.

Framework to Determine Parameters of Classification and Labeling Algorithms using Synthetic Data Generated
Using Simulation of Artificial Ventilation

[0073] As discussed above, the classification and labeling of each breath cycle involves feeding the breath cycle to a
series of classifiers and labeling algorithms. Classifiers and labeling algorithms can be either rule-based or based on a
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supervised learning machine learning algorithm (also referred to as a statistical classifier). In the rule-based algorithm,
the value of one or more features extracted from waveforms are compared to one or more threshold values. In statistical
classifiers, the classifier is first trained on a training set to identify the specific parameters of the classifier. Once the
training is completed, the classifier uses the trained model to classify or label new breath cycles.

[0074] One drawback of determining optimal thresholds of a rule-based system or generating a large enough training
set for a statistical classifier is that a data set from one or more patients is required. Furthermore, each breath in the
data set requires a "ground truth" label or class corresponding to each asynchrony event. For example, to assign a label
of class to each breath cycle, a common practice involves recording of esophageal pressure or electrical activity of the
diaphragm to identify asynchrony events.

[0075] Alternatively, one may present the set of waveforms to a series of human expert to analyze each breath, one-
by-one, to provide "ground truth" labels. In this disclosure, we present a framework to create "synthetic" waveform data
using the model discussed below in Section Mathematical Modeling of the Respiratory System. Specifically, we can
create a series of synthetic breaths under different conditions involving asynchrony or no asynchrony. Such data set
can be used to determine the optimal value of thresholds for a rule-based algorithm or can be used as a training set for
a statistical classifier. Since synthetic data is generated according to different known asynchrony scenarios, the ground
truth labels for synthetic breaths are known. This framework presents a way to train rule-based and machine learning
classifiers on waveform data and the corresponding ground truth label for each breath bypassing the need for manual
labeling of breaths.

Mathematical Modeling of the Respiratory System

[0076] Dynamics of the respiratory system can be approximated by a first-order differential equation for a single-
compartment lung model given by

: 1
Paw() = RisV(®) + = V(O ~ Prus(®) + po, t2 1o, 17)

where t; is the start of the breath cycle,

. dp.
V(t) = Cq ;; (18)

R, is respiratory system resistance, C,q is respiratory system compliance, V(t) = q(t) is flow, V(t) is respiratory system
volume, p,,s(t) is the amplitude of (negative) pressure generated by respiratory muscles, and p is a constant. Pressure,
flow, and volume relationships are assumed to be linear. Other substitutions can be made to the model without departing
from the spirit of generating synthetic data for use in training a machine learning algorithm or tuning a classifier.
[0077] The respiratory model in equation (17) can be represented by an equivalent electrical analogue consisting of
a series arrangement of: a) a resistor element with resistance R4 representing the resistance of the total respiratory
system; and b) a capacitor element with capacitance C, representing total compliance of the respiratory system. FIGURE
5 illustrates an electrical analogue of the respiratory system. Constant p, of equation (17) is the sum of Extrinsic PEEP
and Intrinsic PEEP in the electrical analogue.

[0078] A time-varying source representing a mechanical ventilator for the inlet boundary condition is included in the
electrical analogue and labeled as Ventilator to represent the presence of a mechanical ventilator. Depending on the
mode of ventilation, an equivalent pressure (voltage) waveform or flow (current) waveform can be used to model the
pressure and volume control ventilation modes, respectively. Constant sources are also added to model extrinsic PEEP
p and intrinsic PEEP p;.

[0079] In another embodiment, R can be further modified to have different values during inspiration Ry jnsp, and
during expiration, Rrs,exp- The governing equations for the model can then be split into inspiratory and expiratory phases,

. i
paw(t) = Rrs,inspv(t) + C_r; V(t) - pmus(t) + Po; tO =t= tl) (19)

. 1
paw(t) = Rrs,expv(t) + C_rs V(t) - pmus(t) + Po, t1 <t = Epreatn (20)

where the interval ty < t< t, represents the inspiratory phase, the interval t; < t<t, ..., represents the expiratory phase,
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and the breath cycle having a total duration of .., - fo S€CONds. In other embodiments, the single-compartment model
can be extended to have more compartments by addition of resistive and capacitive elements to the electrical analogue
without departing from the spirit of generating synthetic data for use in training a machine learning algorithm or tuning
a classifier.

Creation of Synthetic Breaths and Feature Vectors

[0080] In one embodiment of creating a plurality of synthetic breaths (ventilator pressure and flow waveforms), the
respiratory system is modeled using the single-compartment lung model discussed in Section Mathematical Modeling
of the Respiratory System. In the case of modeling ventilation in pressure control mode, the ventilator inlet boundary
condition can be a rectangular pressure waveform such as that shown in FIGURE 12A, annotated as the inlet boundary
condition. Alternatively, in the case of modeling volume control mode, the ventilator inlet boundary condition can be any
typical pattern of flow used for ventilation such as descending ramp flow pattern shown in FIGURE 10B, annotated as
the inlet boundary condition. Whatever the mode of ventilation being modeled, the inlet boundary condition defines when
the ventilator cycles from inspiration to expiration (i.e. cycling off time), such as those shown in FIGURE 10B for volume
control mode and FIGURE 12A for pressure control mode.

[0081] In the case of modeling spontaneous efforts during mechanical ventilation, the pressure generated by the
respiratory muscles can be any pulsatile pressure waveform typical of respiratory muscle effort. In some embodiments,
an exponentially rising and decaying pulse as shown in the top panel of FIGURE 9A, annotated as the muscle waveform,
is used. A plurality of variations can be made to the inlet boundary conditions, such as to their shapes, timings, and
durations, as well as to the muscle pressure profile, to produce a plurality of synthetic waveforms. The plurality of
variations can further include variations in respiratory system resistance and compliance.

[0082] The respiratory system model can be implemented in vitro (e.g. a physical model employing elements such as
actuators, valves, bellows, etc.) or in silico (e.g. a computational model simulated on a digital computer). In one embod-
iment of an in vitro representation, an electrical analogue of the respiratory system can be implemented directly with
electrical circuit components (e.g. resistors, capacitors, voltage sources, current sources). In other embodiments, an in
vitro representation can involve use of a breathing simulator attached to a mechanical ventilator. An embodiment of an
in silico representation includes use of a digital computer to numerically solve the differential equations described in
Section Mathematical Modeling of the Respiratory System. In some embodiments of an in silico representation, an
electrical analogue model of the respiratory system can be solved with electronic circuit simulator design software. This
may involve laying out each discrete electrical circuit element (e.g. resistors, capacitors, voltage sources, current sources)
in a circuit schematic editor and using its supplied tools to simulate the model to output waveforms that approximate
ventilator pressure (voltage waveforms) and flow waveforms (current waveforms).

[0083] Model parameters may be chosen based upon ranges in published literature or empirically varied to reproduce
the ranges of waveforms encountered in clinical practice. Variations in parameters can also be used to generate varying
degrees of patient-ventilator asynchrony. Since the specific clinical scenario for each in vitro or in silico simulation is
known, the ground truth label for asynchrony type for the resulting breath cycle is known as well.

[0084] In an embodiment for modeling delayed termination, an inlet ventilator waveform can be prescribed such that
its cycling off time (i.e. time at which inspiratory phase ends and expiratory phase begins) exceeds the time at which
the muscle pressure begins to relax from its peak value, as depicted in FIGURE 10B. In an embodiment to simulate
cases of premature termination, an inlet ventilator waveform can be prescribed such that its cycling off time precedes
the time at which the muscle pressure begins to relax, as depicted in FIGURE 9B. In other embodiments, the time at
which the muscle pressure profile rises above its baseline value can be varied to further simulate respiratory muscle
activation occurring any time within the breath cycle, for instance, as shown in FIGURE 12A whereby the muscle profile
rises above baseline about 0.2 seconds into the breath cycle. In an embodiment to simulate cases with neither premature
termination nor delayed termination, the muscle waveform can be nullified to simulate a passive patient without respiratory
muscle activity, as shown in FIGURE 11A. In other embodiments to simulate cases of synchronized muscle and ventilator
assist, the cycling off time of the ventilator, as defined by the prescribed inlet boundary condition, can be set to about
the time that the muscle profile starts to decay (relax), as shown in FIGURE 12A. Other variations to the peak values
of the muscle profile as well as inlet boundary conditions can be made without departing form the spirit of generating
synthetic waveforms depicting various cycling asynchronies.

[0085] An extensive database can be populated with a plurality of synthetic waveforms. In alternative embodiments,
stochastic perturbations can further be superimposed upon the synthetic waveforms to simulate sensor and/or process
noise.

[0086] For each individual breath cycle contained within the database of synthetic waveforms, features such as those
discussed in Section Feature Extraction from the Delta Waveform are extracted and deposited into a database containing
synthetic feature vectors, one vector for each synthetic breath cycle. Since asynchrony type corresponding to each
simulation scenario is known by design, ground truth labels for asynchrony types are known.
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[0087] In another embodiment, additional synthetic data is generated by use of generative statistical models based
upon features previously extracted from synthetic waveforms. Probability distributions can be placed over the extracted
features that are conditioned upon the known ground truth labels (i.e. asynchrony type). Upon sampling from the prob-
ability distributions, additional synthetic feature vector can be generated and entries can be added to the database of
synthetic feature vectors to further augment the amount of data available for training machine learning algorithms or
tuning classifiers. A machine learning algorithm can then be trained on the database of synthetic feature vectors using
the ground truth labels as the target classification in a similar manner as previously described when real labeled patient
data is used for training.

[0088] One skilled in the art will recognize that the disclosed features may be used singularly, in any combination, or
omitted based on the requirements and specifications of a given application or design. When an embodiment refers to
"comprising" certain features, it is to be understood that the embodiments can alternatively "consist of" or "consist
essentially of" any one or more of the features. It is noted that where a range of values is provided in this specification,
each value between the upper and lower limits of that range is also specifically disclosed. The upper and lower limits of
these smaller ranges may independently be included or excluded in the range as well. The singular forms "a," "an," and
"the" include plural referents unless the context clearly dictates otherwise.

Claims
1. A method for indicating patient-ventilator interaction, comprising:

a) receiving ventilator pressure and flow waveform data;

b) applying one or more normalizing constants to said ventilator pressure and flow waveform data to obtain
respective normalized ventilator pressure and flow waveform data; wherein the normalizing constant for the
ventilator pressure waveform is the inverse of:

i) the value of pressure at approximately the time of peak flow; or
i) the value of pressure at the elapsed interval into the breath cycle that is approximately the pressure rise
time as set on the mechanical ventilator;

and the normalizing constant for the ventilator flow waveform is the inverse of:

iii) the value of flow at approximately the time of peak flow; or
iv) the value of flow at the elapsed interval into the breath cycle that is approximately the flow rise time as
set on the mechanical ventilator.

c) calculating a Delta waveform based upon pairwise relationships between said normalized ventilator pressure
and flow waveform data; and

d) using the presence or absence of peaks and/or valleys of the Delta waveform as an indication of the presence
or absence of one or more asynchronous patient-ventilator interactions.

2. A system for detecting patient-ventilator interaction comprising:

a) a detection module comprising computer-executable instructions in operable communication with one or
more computer processor, the detection module configured for and in operable communication with a ventilator
for acquiring mechanical ventilator airway pressure, flow, and/or volume waveform data;

b) a patient-ventilator interaction indicator module in operable communication with the detection module, the
patient-ventilator interaction indicator module comprising computer-executable instructions in operable com-
munication with one or more computer processor for:

i) generating a patient-ventilator interaction indicator waveform from said ventilator waveform data;

ii) extracting a set of features from said patient-ventilator interaction indicator waveform; and

ii) determining and indicating a type of patient-ventilator asynchrony present, or absence thereof, associated
with one or more breath cycle, which patient-ventilator asynchrony or absence thereof is based on the
extracted set of features, characterized in that the patient ventilator interaction indicator waveform is a
Delta waveform, wherein the Delta waveform represents the difference between normalized pressure, after
correcting for positive end expiratory pressure (PEEP), and normalized flow waveforms.
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The system of claim 2, wherein the detection module is configured for acquiring the ventilator waveform data directly
or indirectly from a mechanical ventilator, directly or indirectly from another monitor or system for producing the

ventilator waveform data, or directly or indirectly from an archive of in vivo, ex vivo, in vitro and/or in silico data.

The system of claim 3, wherein one or more of the processors is embedded in the mechanical ventilator, or another
monitor or system, or a networked computer system.

The system of claim 2, wherein the patient-ventilator interaction indicator waveform is a Delta waveform, as defined
in the following equation:

a)

Paw{)—Pe q(t)
= — >
3(t) Paw(t)-pe a(t)’ t=t,

where t* represents the time of peak flow (i.e., q(t) < q(t*), t > ty), and p, is the positive end expiratory pressure
(PEEP), p,y is the airway pressure, q is the air flow, and t; is the time at the start of the breath cycle; or
b)

Paw{t)~pe q(t)
- — =
S(t) Paw(t)=pe  qt)’ tzt,

where tis time, t; is the time at the start of the breath cycle, p, is positive end expiratory pressure (PEEP), p,,,
is airway pressure, q is air flow, t** is a time between ty and t*, and t* is time of maximum flow (q(t) < q(t*), t> ty).

The system of claim 5, wherein the extracting of the set of features comprises extracting one or more of the following
features:

a) depth of valleys of the Delta waveform;

b) maximum value of the Delta waveform within inspiration phase;

c) area under the curve of the Delta waveform within inspiration phase;

d) maximum cross-correlation of the Delta waveform with a delivered tidal volume waveform;

e)areaunder the portion of the Delta waveform occurring within approximately the first third of the Delta waveform
duration;

f) maximum value of the Delta waveform occurring within approximately the first third of the Delta waveform
duration; and

g) locations and depths of local minima (valleys) present in the Delta waveform.

The system of claim 2, wherein the computer-executable instructions for determining and indicating the type of
patient-ventilator asynchrony present, or absence thereof, comprise a rule-based algorithm configured to classify
one or more of the breath cycles into one or more categories of patient-ventilator asynchrony.

The system of claim 7, wherein the rule-based algorithm classifies one or more of the breath cycles into one or more
categories of patient-ventilator asynchrony by comparing at least one value from the set of features with a prede-
termined threshold.

The system of claim 2, wherein the computer-executable instructions for determining and indicating the type of
patient-ventilator asynchrony present, or absence thereof, comprise a machine-learning classifier trained with patient
data and/or synthetic data and configured to classify one or more of the breath cycles into one or more categories
of patient-ventilator asynchrony.

The system of claim 9, wherein the machine-learning classifier classifies one or more of the breath cycles into one
or more categories of patient-ventilator asynchrony by comparing at least one value from the set of features with a

predetermined threshold

The system of claim 2, wherein the computer-executable instructions for determining and indicating the type of

16



10

15

20

25

30

35

40

45

50

55

EP 3 706 845 B1

patient-ventilator asynchrony present, or absence thereof, comprise a machine-learning algorithm trained with patient
data and/or synthetic data and configured to classify one or more of the breath cycles into one or more categories
of patient-ventilator asynchrony.

12. The system of claim 2, further including a transmission module to transmit the determined and indicated type of
patient-ventilator asynchrony or absence thereof to a remote server and/or smartphone and/or tablet.

13. The system of any one of claims 2 to 12, further including a graphical user interface comprising:

a) at least one window for displaying detection of one or more patient-ventilator asynchrony;
b) one or more elements within the at least one window for communicating the detected patient-ventilator
asynchrony.

14. The system of claim 13, further including one or more element within the at least one window comprising one or
more recommendations for mitigating the detected patient-ventilator asynchrony.

15. The system of claim 11, wherein the synthetic data is derived from in vitro, in silico, or both in vitro and in silico
representation of a respiratory system interacting with a mechanical ventilator.

Patentanspriiche
1. Verfahren zur Anzeige der Interaktion zwischen Patient und Beatmungsgerat, umfassend:

a) Empfang von Druck- und Flusswellenformdaten des Beatmungsgerats;

b) Anwenden einer oder mehrerer Normierungskonstanten auf die Beatmungsgeratedruck- und Flusswellen-
formdaten, um entsprechende normierte Beatmungsgeratedruck- und Flusswellenformdaten zu erhalten; wobei
die Normierungskonstante fir die Beatmungsgeratedruckwellenform der Kehrwert ist von:

i) dem Wert des Drucks zum ungefahren Zeitpunkt des Spitzenflusses; oder
ii) dem Wert des Drucks im abgelaufenen Intervall des Atemzyklus, der ungefahr der am Beatmungsgerat
eingestellten Druckanstiegszeit entspricht;

und die Normierungskonstante fir die Flusswellenform des Beatmungsgerats ist der Kehrwert von:

iii) dem Wert des Flusses zum ungefahren Zeitpunkt des Spitzenflusses; oder
iv) dem Wert des Flusses im abgelaufenen Intervall des Atemzyklus, der ungefahr der am Beatmungsgerat
eingestellten Flussanstiegszeit entspricht.

c) Berechnen einer Delta-Wellenform auf der Grundlage paarweiser Beziehungen zwischen den normalisierten
Beatmungsgeratedruck- und Flusswellenformdaten; und

d) Verwenden des Vorhandenseins oder Nichtvorhandenseins von Spitzen und/oder Télern der Delta-Wellen-
form als Hinweis auf das Vorhandensein oder Nichtvorhandensein einer oder mehrerer asynchroner Interakti-
onen zwischen Patient und Beatmungsgerat.

2. System zur Erfassung der Interaktion zwischen Patient und Beatmungsgerat, umfassend:

a) ein Erfassungsmodul, das computerausfiihrbare Anweisungen in betriebsfahiger Kommunikation mit einem
oder mehreren Computerprozessoren umfasst, wobei das Erfassungsmodul fir ein Beatmungsgerat konfiguriert
istund in betriebsfahiger Kommunikation mitdiesem steht, um Druck-, Fluss- und/oderVolumenwellenformdaten
des mechanischen Beatmungsgerats zu erfassen;

b) ein Indikatormodul fir die Interaktion zwischen Patient und Beatmungsgerat in betriebsfahiger Kommunikation
mit dem Erfassungsmodul, wobei das Indikatormodul fiir die Interaktion zwischen Patient und Beatmungsgerat
computerausfiihrbare Anweisungen in betriebsfahiger Kommunikation mit einem oder mehreren Computerpro-
zessoren umfasst, um:

i) eine Indikator-Wellenform der Interaktion zwischen Patient und Beatmungsgerat aus den Wellenformda-
ten des Beatmungsgerat zu erzeugen;
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ii) einen Satz von Merkmalen aus der Indikator-Wellenform der Interaktion zwischen Patient und Beat-
mungsgerat zu extrahieren; und

iii) eine Art von vorhandener oder fehlender Asynchronitat zwischen Patient und Beatmungsgeréat zu be-
stimmen und anzuzeigen, die mit einem oder mehreren Atemzyklen assoziiert ist, wobei die Asynchronitat
zwischen Patientund Beatmungsgerat oder deren Fehlen auf dem extrahierten Satz von Merkmalen basiert,
dadurch gekennzeichnet, dass die Indikator-Wellenform der Interaktion zwischen Patientund Beatmungs-
gerat eine Delta-Wellenform ist, wobei die Delta-Wellenform die Differenz zwischen normalisiertem Druck,
nach Korrektur des positiven endexspiratorischen Drucks (PEEP), und normalisierter Flusswellenform dar-
stellt.

System nach Anspruch 2, wobei das Erfassungsmodul so konfiguriert ist, dass es die Wellenformdaten des Beat-
mungsgerats direkt oder indirekt von einem mechanischen Beatmungsgerat, direkt oder indirekt von einem anderen
Monitor oder System zur Erzeugung der Wellenformdaten des Beatmungsgerats oder direkt oder indirekt von einem
Archiv mit In-vivo-, Ex-vivo-, In-vitro- und/oder In-silico-Daten erfasst.

System nach Anspruch 3, wobei einer oder mehrere der Prozessoren in das mechanische Beatmungsgerat oder
einen anderen Monitor oder ein System oder ein vernetztes Computersystem eingebettet ist/sind.

System nach Anspruch 2, wobei die Indikator-Wellenform fur die Interaktion zwischen Patient und Beatmungsgerat
eine Delta-Wellenform ist, wie in der folgenden Gleichung definiert:

a)

Paw () —pe q(t)
= — >
a) S(t) Pawt)-pe  q(t?)’ t=t,

wobei t* den Zeitpunkt des Spitzenflusses darstellt (d.h. q(t) <q(t*), t > t;), und p, der positive endexspiratorische
Druck (PEEP)ist, p,,, der Atemwegsdruck ist, g der Luftfluss ist und t; die Zeit zu Beginn des Atemzyklus ist; oder
b)

Paw(t)—Ppe q(t)
= — >
S(t) Paw(t™)—pe  qt™)’ t=to

wobei t die Zeit ist, t; die Zeit zu Beginn des Atemzyklus ist, p, der positive endexspiratorische Druck (PEEP)
ist, p, der Atemwegsdruck ist, g der Luftfluss ist, t** die Zeit zwischen ty und t* ist und t* die Zeit des maximalen
Flusses (q(t) < q(t*), t > tp) ist.

System nach Anspruch 5, wobei das Extrahieren des Satzes von Merkmalen das Extrahieren eines oder mehrerer
der folgenden Merkmale umfasst:

a) Tiefe der Taler der Delta-Wellenform;

b) Héchstwert der Delta-Wellenform innerhalb der Inspirationsphase;

c) Flache unter der Kurve der Delta-Wellenform innerhalb der Inspirationsphase;

d) maximale Kreuzkorrelation der Delta-Wellenform mit einer Wellenform des abgegebenen Tidalvolumens;
e) Flache unter dem Teil der Delta-Wellenform, der ungefahr im ersten Drittel der Dauer der Delta-Wellenform
auftritt;

f) maximaler Wert der Delta-Wellenform, der ungefahr im ersten Drittel der Dauer der Delta-Wellenform auftritt;
und

g) Lage und Tiefe der lokalen Minima (Téaler) in der Delta-Wellenform.

System nach Anspruch 2, wobei die computerausfilhrbaren Anweisungen zum Bestimmen und Anzeigen der Art
der vorhandenen Asynchronitat, oder deren Fehlen zwischen Patient und Beatmungsgerat einen regelbasierten
Algorithmus umfassen, der so konfiguriert ist, dass er einen oder mehrere der Atemzyklen in eine oder mehrere
Kategorien der Asynchronitat zwischen Patient und Beatmungsgerat einteilt.

System nach Anspruch 7, wobei der regelbasierte Algorithmus einen oder mehrere der Atemzyklen in eine oder
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mehrere Kategorien der Asynchronitat zwischen Patient und Beatmungsgerat einteilt, indem er mindestens einen
Wert aus dem Satz von Merkmalen mit einem vorgegebenen Schwellenwert vergleicht.

System nach Anspruch 2, wobei die computerausfiihrbaren Anweisungen zum Bestimmen und Anzeigen der Art
der vorhandenen Asynchronitat, oder deren Fehlen zwischen Patient und Beatmungsgerat einen maschinell ler-
nenden Klassifikator umfassen, der mit Patientendaten und/oder synthetischen Daten trainiert wurde und so kon-
figuriert ist, dass er einen oder mehrere der Atemzyklen in eine oder mehrere Kategorien der Asynchronitat zwischen
Patient und Beatmungsgerat klassifiziert.

System nach Anspruch 9, wobei der maschinell lernende Klassifikator einen oder mehrere Atemzyklen in eine oder
mehrere Kategorien der Asynchronitat zwischen Patient und Beatmungsgeréat klassifiziert, indem er mindestens
einen Wert aus dem Satz von Merkmalen mit einem vorgegebenen Schwellenwert vergleicht.

System nach Anspruch 2, wobei die computerausfilhrbaren Anweisungen zum Bestimmen und Anzeigen der Art
der vorhandenen Asynchronitat oder deren Fehlen zwischen Patient und Beatmungsgerat einen maschinellen Ler-
nalgorithmus umfassen, der mit Patientendaten und/oder synthetischen Daten trainiert wurde und so konfiguriert
ist, dass er einen oder mehrere der Atemzyklen in eine oder mehrere Kategorien der Asynchronitat zwischen Patient
und Beatmungsgerat klassifiziert.

System nach Anspruch 2, das ferner ein Ubertragungsmodul umfasst, um die ermittelte und angezeigte Art der
Asynchronitat zwischen Patient und Beatmungsgerat oder deren Fehlen an einen entfernten Server und/oder ein
Smartphone und/oder ein Tablet zu Ubertragen.

System nach einem der Anspriiche 2 bis 12, das ferner eine grafische Benutzeroberflache umfasst, umfassend:

a) mindestens ein Fenster zur Anzeige der Erkennung einer oder mehrerer Asynchronitaten zwischen Patient
und Beatmungsgerat;

b) ein oder mehrere Elemente innerhalb des mindestens einen Fensters zur Ubermittlung der erkannten Asyn-
chronitat zwischen Patient und Beatmungsgerat.

System nach Anspruch 13, das ferner ein oder mehrere Elemente innerhalb des mindestens einen Fensters umfasst,
die eine oder mehrere Empfehlungen zur Abschwéachung der erkannten Asynchronitat zwischen Patient und Beat-
mungsgerat umfassen.

System nach Anspruch 11, wobei die synthetischen Daten von einer In-vitro-, In-silico- oder sowohl In-vitro- als
auch In-silico-Darstellung eines Atmungssystems, das mit einem mechanischen Beatmungsgerat interagiert, ab-
geleitet sind.

Revendications

1.

Procédé pour indiquer une interaction patient-ventilateur, comprenant les étapes consistant a :

a) recevoir des données de forme d’onde de pression et de flux de ventilateur ;

b) appliquer une ou plusieurs constantes de normalisation auxdites données de forme d’onde de pression et
de flux de ventilateur pour obtenir des données de forme d’'onde de pression et de flux de ventilateur normalisées
respectives ; dans lequel la constante de normalisation pour la forme d’onde de pression de ventilateur est
linverse de :

i) la valeur de pression approximativement au moment du flux pic ; ou
ii) la valeur de pression a l'intervalle écoulé dans le cycle respiratoire qui est approximativement le temps
de montée en pression tel que défini sur le ventilateur mécanique ;
et la constante de normalisation pour la forme d’onde de flux de ventilateur est I'inverse de :
iii) la valeur de flux approximativement au moment du flux pic ; ou

iv) la valeur de flux a l'intervalle écoulé dans le cycle respiratoire qui est approximativement le temps de
montée en flux tel que défini sur le ventilateur mécanique,
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c) calculer une forme d’onde Delta sur la base de relations par paires entre lesdites données normalisées de
forme d’onde de pression et de flux de ventilateur ; et

d) utiliser la présence ou I'absence de pics et/ou de vallées de la forme d’'onde Delta comme une indication de
la présence ou de I'absence d’une ou plusieurs interactions patient-ventilateur asynchrones.

Systeme de détection d’une interaction patient-ventilateur, comprenant :

a) un module de détection comprenant des instructions exécutables par ordinateur en communication opéra-
tionnelle avec un ou plusieurs processeurs informatiques, le module de détection étant configuré, et en com-
munication opérationnelle avec un ventilateur, pour acquérir des données de forme d’onde de pression, de flux
et/ou de volume de ventilation de ventilateur mécanique ;

b) un module indicateur d’interaction patient-ventilateur en communication opérationnelle avec le module de
détection, le module indicateur d’interaction patient-ventilateur comprenant des instructions exécutables par
ordinateur en communication opérationnelle avec un ou plusieurs processeurs informatiques pour :

i) générer une forme d’onde d’indicateur d’interaction patient-ventilateur a partir desdites données de forme
d’onde de ventilateur ;

i) extraire un ensemble de caractéristiques a partir de ladite forme d’onde d’indicateur d’interaction patient-
ventilateur ; et

ii) déterminer et indiquer un type d’asynchronie patient-ventilateur présente, ou son absence, associée a
un ou plusieurs cycles respiratoires, laquelle asynchronie patient-ventilateur, ou son absence, est basée
sur I'ensemble extrait de caractéristiques, caractérisé en ce que la forme d’onde d’indicateur d’interaction
patient-ventilateur est une forme d’onde Delta, la forme d’onde Delta représentant la différence entre des
formes d’onde de pression normalisées, aprés correction quant a une pression expiratoire positive (PEP),
et de flux normalisées.

Systeme selon la revendication 2, dans lequel le module de détection est configuré pour acquérir les données de
forme d’onde de ventilateur directement ou indirectement a partir d’'un ventilateur mécanique, directement ou indi-
rectement a partir d’'un autre moniteur ou systéme pour produire les données de forme d’'onde de ventilateur, ou
directement ou indirectement a partir d’'une archive de données in vivo, ex vivo, in vitro et/ou in silico.

Systeme selon la revendication 3, dans lequel un ou plusieurs des processeurs sont intégrés dans le ventilateur
mécanique, ou un autre moniteur ou systeme, ou un systeme informatique en réseau.

Systeme selon la revendication 2, dans lequel la forme d’onde d’indicateur d’interaction patient-ventilateur est une
forme d’onde Delta, telle que définie dans I'’équation suivante :

a)

Paw (£)—Pe q(8)
= — >
6(t) Paw (£ )—De q(e*y t=t ’

ou t* représente le temps de flux pic (c’est-a-dire, q(t) < q(t*), t > t,), et p, est la pression expiratoire positive
(PEP), p,,, est la pression de ventilation, q est le flux d’air, et t; est le temps au début du cycle respiratoire ; ou
b)

aw (£)—Pe q(b)
o(t) = L — >
( ) Paw (E7)—De Q(t**)’ t=t ’

ou t est le temps, t, est le temps au début du cycle respiratoire, p, est la pression expiratoire positive (PEP),
paw est la pression de ventilation, g est le flux d’air, t** est un temps entre t; et t*, et t* est un temps de flux
maximal (q(t) < q(t*), t > ty).

Systeme selon la revendication 5, dans lequel I'extraction de I'ensemble de caractéristiques comprend I'extraction
d’'une ou plusieurs des caractéristiques suivantes :
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a) profondeur de vallées de la forme d’onde Delta ;

b) valeur maximale de la forme d’onde Delta dans la phase d’inspiration ;

c) aire sous la courbe de la forme d’'onde Delta dans la phase d’inspiration ;

d) corrélation croisée maximale de la forme d’onde Delta avec une forme d’onde de volume courant délivré ;
e) aire sous la partie de la forme d’onde Delta se produisant dans environ le premier tiers de la durée de forme
d’onde Delta ;

f) valeur maximale de la forme d’onde Delta se produisant dans environ le premier tiers de la durée de forme
d’onde Delta ; et

g) emplacements et profondeurs de minima locaux (vallées) présents dans la forme d’onde Delta.

Systeme selon larevendication 2, dans lequel les instructions exécutables par ordinateur pour déterminer et indiquer
le type d’asynchronie patient-ventilateur présente, ou son absence, comprennent un algorithme basé sur des regles
configuré pour classer un ou plusieurs des cycles respiratoires en une ou plusieurs catégories d’asynchronie patient-
ventilateur.

Systeme selon la revendication 7, dans lequel I'algorithme basé sur des régles classe un ou plusieurs des cycles
respiratoires en une ou plusieurs catégories d’asynchronie patient-ventilateur en comparant au moins une valeur
de 'ensemble de caractéristiques avec un seuil prédéterminé.

Systeme selon larevendication 2, dans lequel les instructions exécutables par ordinateur pour déterminer et indiquer
le type d’asynchronie patient-ventilateur présente, ou son absence, comprennent un classificateur d’'apprentissage
automatique formé avec des données de patient et/ou des données synthétiques et configuré pour classer un ou
plusieurs des cycles respiratoires en une ou plusieurs catégories d’asynchronie patient-ventilateur.

Systeme selon la revendication 9, dans lequel le classificateur d’apprentissage automatique classe un ou plusieurs
des cycles respiratoires en une ou plusieurs catégories d’asynchronie patient-ventilateur en comparant au moins
une valeur de I'ensemble de caractéristiques avec un seuil prédéterminé.

Systeme selon larevendication 2, dans lequel les instructions exécutables par ordinateur pour déterminer et indiquer
le type d’asynchronie patient-ventilateur présente, ou son absence, comprennent un algorithme d’apprentissage
automatique formé avec des données de patient et/ou des données synthétiques et configuré pour classer un ou
plusieurs des cycles respiratoires en une ou plusieurs catégories d’asynchronie patient-ventilateur.

Systeme selon la revendication 2, incluant en outre un module de transmission pour transmettre le type déterminé
et indiqué d’asynchronie patient-ventilateur, ou son absence, a un serveur et/ou un smartphone et/ou une tablette
a distance.

Systeme selon I'une quelconque des revendications 2 a 12, incluant en outre une interface utilisateur graphique
comprenant :

a) au moins une fenétre pour afficher la détection d’une ou plusieurs asynchronies patient-ventilateur ;
b) un ou plusieurs éléments dans la au moins une fenétre pour communiquer I'asynchronie patient-ventilateur

détectée.

Systeme selon la revendication 13, incluant en outre un ou plusieurs éléments dans la au moins une fenétre com-
prenant une ou plusieurs recommandations pour atténuer I'asynchronie patient-ventilateur détectée.

Systeme selon la revendication 11, dans lequel les données synthétiques sont dérivées d’'une représentation in
vitro, in silico, ou a la fois in vitro et in silico d’'un systeme respiratoire interagissant avec un ventilateur mécanique.
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